ABSTRACT The increasing complexities of multi energy-type micro energy grid (MEG) integrated with distributed renewable energy resources require more effective planning method. This paper presents an improved Kriging model for the planning of MEG to satisfy user's demands in cooling, heating, and electrical energy. First, a generic MEG model containing energy supply devices (combined cooling, heating, and power system, and energy storage systems) and energy supply networks is established. Second, the improved Kriging model combined with the Latin hypercube sampling method is proposed for searching the MEG optimal configuration to minimize the total annual cost. Third, for the sake of completeness and practicality, the sample points are updated by a novel mixed infill-sampling criterion comprised of minimum surrogatemodel point criterion, trust region criterion, and mean square error criterion. The optimal configuration and operation schemes are obtained simultaneously in the case study. Eventually, the numerical results indicate that the proposed method could efficiently solve the optimal planning problem in contradistinction to three other scenarios regarding the Kriging model.
I. INTRODUCTION
To alleviate the worsening of the global energy crisis, people started to search for more economical and less polluted ways to use energy. Micro energy grid (MEG), as an integrated system that combines a large number of distributed energies, the demand response of users and information technology attracts more attention and researches in recent years [1] . Scientific scheduling among multiple energy sources in MEG can cost-effectively and flexibly improve the comprehensive utilization efficiency of social energy, and safety of the energy supply systems.
MEG integrating photovoltaic (PV), wind turbines (WT), combined cooling, heating and power system (CCHP), energy storage systems (ESS), energy supply networks, etc. is designed to transport clean energy, connect different energy sources and provide users with cooling, heating, and electrical energy services in various forms [2] . In March 2017, China National Energy Administration published ''Notice on Conducting Pilot Project of Market-oriented Distributed Power Generation Market'', with the purpose of promoting the development of MEG and further enlarging the energy market. Current researches on MEG face major difficulties in both operation optimization and planning [3] .
The solutions to the two problems are correlated as one gives boundary conditions for operation while the other provides actual strategy and estimates costs. Consequently, we focus on the planning of multi energy-type MEG in this paper.
Nowadays, many researches are concentrated on the operation optimization of MEG. Reference [4] introduces a way to combine and manage systems in different energy sectors. Reference [5] presents a novel model predictive control-based operation strategy to minimize distribution system energy purchasing cost by coordinating multiple power supplies from energy storage, renewable energy and external grid. Reference [6] establishes a coordinated operation model of a multi-integrated energy system based on linearized coupling relationship. It aims at tapping the potential of energy complementary, maximizing renewable energy sources utilization and jointly minimizing the operating cost. Reference [7] uses fixed threshold and dynamic threshold method to calculate the discharge threshold power to control the discharge power of the storage system respectively. In [8] and [9] , to augment the flexibility of energy management, the authors discuss the energy hubs structure and the corresponding optimal dispatch strategies for multiple energy system. An original methodology to quantify the flexibility the gas network can provide to the power system is presented in [10] , together with constraints and consideration regarding different heating scenarios. Though laying down the cornerstones of the operation optimization of MEG, most of the above-mentioned works only paid attention to the operating aspect, without discussing the planning of MEG.
In the MEG planning aspect, the relevant researches addressing the optimization methods adopted for micro grid are shown, as follows. A generic optimal planning framework and model is proposed in [11] to design multi energy systems, which can obtain both the optimal structure configuration and energy management strategies. Reference [12] proposes an integrated energy system planning method with modular simulation and optimization models, which can ensure fast dynamics of the power network and slow dynamics of the heat network separately. References [13] and [14] present a new multistage and stochastic mathematical model, developed to support the decision making process of planning distribution network systems for integrating large-scale clean energy sources. A multi-objective mixed-integer linear programming framework is shown in [15] , comparing two main methodologies of designing distributed energy systems using total annual cost and carbon emissions as objective functions. Reference [16] suggests novel cost and emission benefit allocation constraints inspired by cooperative Game theory to ensure that each involved building shares the benefit together. Reference [17] puts forward a two-stage optimal planning and design method for given CCHP micro grid system to determine the capacities of selected devices. Reference [18] designs a gas turbinebased distributed energy system for multiple building complexes, and an optimization model is proposed to determine the capacities of devices installed and operation strategies. Reference [19] discusses several conventional and metaheuristic methodologies to address the optimal distributed generation planning problem. In order to determine the optimal number of each system component as well as to set the penalty factors in the used penalty function, a co-constrained multi objective particle swarm optimization algorithm is applied in [20] .
Generally, none of the solutions is better in every aspect than the others. Most importantly, they failed to leverage the planning results against the solution efficiency. Although, the aforementioned research papers have made remarkable progresses in studying MEG planning, the following challenges remains to be surmounted:
(1) Most of the operation researches focus on the optimization of production, conversion and consumption of different energy sources. They did not take into account the energy loss of energy supply networks.
(2) At present, most of the micro grid planning studies consider operating costs, but those are the optimization of a single type of energy, and do not involve multi-constrained optimization of multiple energy devices, which makes the planning results have certain limitations.
(3) The existent planning algorithm lacks an efficient correction mechanism, which leads to excessive calculation and reduces the efficiency of the solution.
To overcome these challenges of MEG planning, this paper proposes an improved Kriging model to search for the optimal capacity configuration and operation strategies of MEG integrated with various types of distributed energy systems. Furthermore, the efficiency and effectiveness of the optimal planning model as well as the operation strategies of MEG are demonstrated through comparative analysis of four different scenarios. The main contributions of this paper are summarized as follows:
• An MEG model containing energy supply networks and various types of energy supply devices is established in this paper to illustrate the operation optimization of MEG.
• An improved Kriging model combined with the Latin hypercube sampling (LHS) method and dynamic correction mechanism is proposed, searching for the optimal configuration using total annual cost as objective function.
• A novel dynamic correction mechanism comprised of minimum surrogate-model point (MSP) criterion, trust region (TR) criterion and mean square error (MSE) criterion is proposed to improve the computational efficiency. Through the proposed model, we can obtain the capacity configuration and operation strategies of major devices. The total annual cost and operation cost can be reduced under the premise of satisfying the energy demand of users, with the efficient use and sustainable development of energy being promoted as the same time.
The rest of the paper proceeds as follows. First, we describe the modeling of MEG in Section II; we then present the details of the improved Kriging model in Section III; through simulations in different scenarios, we next obtain the optimal planning schemes and analyze the results in Section IV; and, the conclusions and future works are provided in Section V.
II. THE MODELING OF MEG
MEG is mainly composed of energy conversion devices (such as CCHP, renewable energy units, boilers, air conditioners, etc.), ESSs (battery storage, thermal storage and ice tank), energy supply networks (such as electrical, cooling and heating supply networks) and users. MEG integrates a variety of distributed energy sources and controllable loads to implement multi-energy complementarity, and effectively improves the comprehensive utilization of energy. The framework of MEG containing energy supply networks is shown in Fig. 1 .
MEG has to meet the users' cooling, heating and electrical demands in operation. The combustion engine (CE) generates electricity for users through converting natural gas, and the waste heat enters heat exchanger (HE) and directfired absorption chiller (DF) to transform to heating and cooling energy supplied for users. In addition, ice-storage air-conditioner (IA), ESSs and distributed energy devices are integrated into MEG, where the energy coupling is carried out among these devices. CE, IA, ESSs, PV, WT, and other main devices modeling reference to [8] , [21] , and [23] . Moreover, MEG operation must consider the operation characteristics of heating, cooling and power supply networks' constraints, accurately reflect the loss of all kinds of energy in the transmission networks. Therefore, the operation optimization of MEG is more reasonable.
A. OBJECTIVE FUNCTION OF MEG
The objective function of MEG planning optimization is comprised of construction cost, operation cost and system emission cost. The expression is as follow:
where, I total is the total annual cost of MEG. I P is the total life cycle construction cost of planned devices of MEG. I R is the total annual operation cost of MEG, including I E (the total cost of purchasing electricity from power grid), I F (the total cost of purchasing gas) and I OM (the maintenance cost for all MEG devices). I pu is the emission cost of MEG. The emissions include emissions from the purchase of electricity through the power grid (PG) and from the gas combustion.
The expression of the total life cycle construction cost I P is as follow:
where, S d is the rated capacity of device d, c d is the unit capacity construction cost of device d, R is the residual fixed capital rate (5%) , r is the discount rate (5%) ,τ d is the lifetime of device d, D is the total amount of the devices.
The expression of the electricity-purchasing cost I E is as follow:
where, c g,t is the electricity sales price in period t, ¥/(kWh).
P gr,t is the exchange power between the MEG and the PG, kW. t is the time interval, h. The planning is divided one year into 8760 periods. The expression of the gas-purchasing cost I F is as follow:
where, c f,t is the unit calorific value of gas price, ¥/(kWh).
Q F,t is the total calorific value of gas consumed by MEG in period t, kW. The expression of the maintenance cost I OM is as follow:
where,
The system emission cost I pu is expressed as:
where, γ 1 is the cost coefficient of pollutant emission corresponding to the kWh unit of gas consumed. γ 2 is the cost coefficient of pollutant emission corresponding to the kWh unit of electricity that is purchased from the grid. In this paper, the total cost of CO 2 , CO, SO 2 , NO x emissions from gas combustion and PG is taken into account.
B. MEG OPERATION CONSTRAINTS
In order to ensure the stable operation of MEG, the system should operate under the premise of satisfying energy balance, device output constraints and operation characteristic of energy supply networks. According to the framework of MEG in Fig. 1 , the system should satisfy the following energy balance equations [22] :
(1) MEG electrical balance equation P gr,t + P pv,t + P wt,t + P ic,t + S bd,t P bd,t = P Le,t + P I,t + S cc,t P ice,t + S cd,t P melt,t + S bc,t P bc,t + P c,t + P h,t (
where, P pv,t , P wt,t are the output of PV and WT, respectively. P ic,t is the electrical output of CE. P Le,t is the electrical load demand of users. P I,t is the power consumption of electric chiller (EC). P ice,t , P melt,t are the power consumption of IA for ice making and ice melting in period t. S cc,t , S cd,t are the state values of ice making and ice melting in IA (0/1, 0 for off-state, 1 for on-state). P bc,t , P bd,t are the charging and discharging power of battery storage (BS). S bc,t , S bd,t are VOLUME 7, 2019
the state values of charging and discharging of BS. P c,t and P h,t are the power consumed by water pump of cooling and heating load sides, respectively. (2) MEG cooling/heating balance equation
In Equations (8) and (9), H dfh,t , C dfc,t are heating output and cooling output of DF, respectively. H he,t is heating output of heat exchanger. H Lh,t , C Lc,t are heating and cooling load demands of users. H hc,t , H hd,t represent heating charging and discharging power of thermal storage, S hc,t , S hd,t are the state values of charging and discharging of thermal storage in period t. C I,t is the cooling output of EC. C ice,t is the ice melting output of IA. ϕ hloss,t , ϕ closs,t represent the load loss of heating and cooling networks, respectively.
In addition to the above energy balance equations, the operation constraints of the devices and the operation characteristics of the energy supply networks need to be taken into account. The inequality constraints for the operation of the devices are as follows:
(3) Device output constraints
The electrical, cooling and heating output of each device should meet the upper and lower bounds. In Equations (10)- (12), P min i , P max i are the minimum and maximum electrical output for i-type device, respectively. The i-type devices include CE, PV and WT. H n,t represents the heating output of n-type device, and n-type devices include DF and heat exchanger. C k,t represents the cooling output of k-type device, and k-type devices include DF, EC and IA. H max n and C max k are the upper bounds of heating and cooling output, respectively.
(4) Constraints for ESS All ESSs cannot store more energy than their rated capacity and discharge too much power per unit time. In addition, the ESSs need to retain some redundancy in the case of power failure accident. The constraints for ESS are as follows:
where, W t represents the state of charge of ESSs. W min and W max are the lower and upper limits of the state of charge. P cha,t , P dis,t are the charging and discharging power in period t. P max cha and P max dis are the maximum charging and discharging power, respectively. η c and η d are the charging and discharging efficiency of the ESSs. S c,t , S d,t are the charging and discharging state values of the ESSs (0/1) , and S ess is the rated capacity of the energy storage system.
The constraints for MEG energy supply networks are as follows:
(5) Operation characteristic of the electrical supply network
In the operation characteristic constraint of electrical supply network, the power consumed by each user node should consider the power consumed by the circulating water pump on the cooling/heating side, as shown in Equation (14):
where, P Lj,t is the power consumed by the user node j. P j,t is the power consumed by the user node without considering the circulating water pump and compressor, P cj,t and P hj,t are the power consumed by the circulating water pump on the cooling and heating load sides, respectively. (6) Operation characteristic of the heating/cooling supply network
The operation characteristic constraints for heating/cooling supply network [24] , [25] consist of: the power consumed by the heating/cooling load node, the temperature drop of the water supply pipeline, the heat loss of the pipeline and the power consumed by the circulating water pump. Operation characteristic constraints for heating/cooling supply network are shown in Equation (15):
where, ϕ j is the power consumed by node j, c w is the specific heat capacity of water, m q is the mass flow rate of cold/hot water of pipeline, s j is the load property of node j (−1 when it is cooling load and 1 when it is heating load). T sw and T rw are the supply and return water temperature of the system, respectively. T op is the outlet temperature, T ip is the inlet temperature, T a is the average temperature of the medium around the pipeline, λ is the heat transfer coefficient per unit length of the pipeline, L is the length of the pipeline, ϕ loss is the heat loss of the pipeline. P pj is the circulating water pump power consumption, g represents the gravitational acceleration, H is the pump lift, η p is the pump efficiency. Through the planning model and above constraints, the mixed integer nonlinear programming method is used to solve the planning problem of MEG. The optimization model proposed in the paper are solved in Matlab platform. When the system devices' rated capacity configuration is determined, the total annual cost and operation strategies of the MEG system could be obtained.
III. PLANNING ALGORITHM BASED ON IMPROVED KRIGING MODEL
The main problem of the research is to find out the optimal configuration and optimal operation strategies effectively and efficiently, minimizing the total annual cost and completing MEG planning under the premise of satisfying all the constraints. In order to solve this problem, an improved Kriging model is proposed in this paper. The proposed model is described in detail below.
A. INTRODUCTION TO KRIGING
Kriging model is an interpolation method to predict the response of unknown observation points based on the weighted average of existing observation samples, which characterizes spatially related changes through changes in variance [26] . Compared with other surrogate models, Kriging model has the following advantages:
(1) It has higher prediction accuracy and better robustness for complex interpolation processes.
(2) The interpolation result of Kriging model can get the impact factor of the variable to the objective function more clearly.
(3) The model can cover the whole test area, which can providing the better optimum solution.
(4) It works well for problems with high degree of nonlinearity.
Reference [27] introduces the Kriging model in detail, which is not described in this paper. We uses DACE [28] toolbox based on Matlab to build Kriging model.
B. THE IMPROVED KRIGING MODEL
The traditional Kriging model is to interpolate the prediction results based on the existing samples. Although the fitting accuracy is high, the model is dependent on the initial samples and has the limitation of iterative search. In this paper, an improved Kriging model is proposed, which combines Latin hypercube sampling (LHS) method and dynamic correction mechanism. The Kriging model is constructed by appropriate initial samples selected by LHS method, and updates the sample library via the dynamic correction mechanism. Then, a new round of Kriging model is constructed by using the new sample library. By continuously correcting the original Kriging model, the optimal planning and operation strategies are obtained efficiently.
1) INITIAL SAMPLE LIBRARY
CE, DF and BS account for a large proportion of the total construction cost and the output can be controlled in MEG. Thence, we choose the rated power of CE, the rated power of DF and rated capacity of BS as the planned capacity of MEG, while other device capacity is fixed. When the planned capacity is determined, the MEG planning can be completed.
The three-dimensional space composed of the three planned capacity is evenly divided into n 3 sub-intervals, and the LHS method is applied to randomly select n samples. Three planned capacity values corresponding to each sample point are recorded, as depicted in Fig. 2 . According to the planned capacity values adopted, the model built above can be applied to obtain the most economic total annual cost I total of the MEG system with meeting users' demands.
The initial multi-dimensional sample library is composed of the rated power of CE, the rated power of DF, the rated capacity of BS and the optimal total annual cost I total . The four types of values are stored and established as the initial sample library {N 1 , N 2 , N 3 , . . . , N i , . . . , N n }. The coordinate value of the i sample is marked with N i (x i , y i , z i , I i ), where x i , y i , z i are the rated power of CE, the rated power of DF, the rated capacity of BS respectively, and I i represents the optimal total annual cost of MEG corresponding to the planned capacity.
The lower bounds of the planned capacity are set to 0, and the upper bounds are x max , y max , z max , respectively. Then the distance between the two adjacent sampling sub-intervals of LHS is:
The maximum rated power of the CE is based on users' cooling/heating/electrical load supplied by itself independently, which takes 2000 kW in this paper. The maximum rated power of DF is based on the value of the user's maximum cooling/heating load, which takes 2500 kW in this paper. The maximum rated capacity of BS is based on the value of the user's maximum electrical load, which takes 2000 kWh in this paper.
The LHS method divides each dimension variable into equal probability interval, and randomly selects sample points in each interval. Thence, the sample points selected by LHS method can uniformly diffuse in the whole sampling space with equal probability. The initial sample library provides an important basis for the subsequent construction and modification of Kriging model.
2) DYNAMIC CORRECTION MECHANISM
The fitting results from the initial Kriging model cannot fully represent the real results, so that additional new sample points are needed to modify the model to improve the accuracy. However, the aim of the model is to find the optimal planning capacity efficiently. If new sample points are added uniformly or randomly, it is not beneficial to improve the computing efficiency. Therefore, an effective correction mechanism is needed to search for the valuable new sample points.
In this paper, a new dynamic correction mechanism of Kriging model is proposed. In the sampling space, the existing clues are utilized to filter the valuable sample points that have great influence on the objective function. Then the actual total annual cost is calculated and added to the sample library to modify the Kriging model. The improved dynamic Kriging model correction mechanism can obtain the optimal planning capacity more efficiently. The infill-sampling criterions of valuable sample points in this paper are as follows:
(1) Minimum surrogate-model point infill-sampling criterion In order to seek the minimal value of MEG's total annual cost more efficiently, the MSP is chosen as the first kind of valuable sample point. The MSP is the minimal value after fitting, which is closer to the optimal result than other points, so it is more valuable to modify the model. The MSP fitted by Kriging model is not the actual value of optimization, and the I total should be calculated actually and be added to the sample library. The specific application is as follows:
By searching all the {I i } values (total annual cost) of the current Kriging model, we can get the minimal I i value corresponding to the coordinate points N C1 (x C1,min , y C1,min , z C1,min , I C1,min ). However, the value of I C1,min is model fitting value, which is not the actual value of I total . Consequently, the actual value of I total under the capacity combination should be calculated by optimization method, and then the actual sample point N C1,new (x C1,min , y C1,min , z C1,new , I C1,new ) is added to the sample library. Fig. 3 demonstrates the MSP infill-sampling criterion. The blue dot represents MSP that has been filtered out from the Kriging model, and the green dot represents the new sample point that has been calculated.
(2) Trust region infill-sampling criterion The TR method [29] is adopted as the second kind of infillsampling criterion to modify the sampling step (the distance from the existing sample point to the new sample point). Then the TR sampling space is updated and new sample points are added to construct the new Kriging model, which completes the correction of the initial model. The main purpose of the TR infill-sampling criterion is to reduce the objective value significantly based on the current Kriging model.
First, a brief introduction to TR method. For the objective function f (x), in the neighborhood of the iteration point x i , the second order Taylor expansion approximation model is:
The basic form of the TR is:
where, B i is a symmetric matrix and i is the radius of the TR. For the current iteration point x i in the TR, step size p is solved by Equation (17) . In order to guarantee that q i (p) can approach f (x i +p) well, the upper and lower limits of p should be limited, so the constraint of Equation (18) is introduced.
i is a positive value, where reasonable selection of i can make the optimization quickly convergence. The adjustment for i is related to the trust factor r i , which is expressed in Equation (19):
If r i is closer to 1, q i (p) is closer to f (x i + p), in which case i should be magnified properly, otherwise i should be reduced.
The correction process of TR infill-sampling criterion is illustrated below:
Step 1: In this paper, the minimum I total point among the initial sample points is chosen as the initial feasible point, and the TR radius i and the parameters c 1 , c 2 , r 1 , r 2 are determined. Let i = 0.
Step 2: Substitute the feasible point into Equation (18) and solve it.
Step 3: Update TR radius i . Introduce TR method into the sampling space updating strategy, and obtain the trust factor r i via Equation (19) . Depending on the value of r i , the TR radius i is corrected according to Equation (20):
Step 4: Calculate the actual value of the new selected point and judge whether it is convergent. If |f (x i )-f (x i−1 )| ≤ ε 1 , stop the correction and add the new point to the sample library. Otherwise, take the new point as the new feasible point and continue to solve in Step 2. Fig. 4 is the schematic diagram of the TR infill-sampling criterion. The blue dot is the initial feasible point, and the green dot is the new sample point after TR modification. r represents a certain interval radius from the feasible point. Fig. 5 is the schematic diagram of the MSE infill-sampling criterion. The blue dot is the maximum MSE point, and the green dot is the new sample point after the actual calculation.
3) SOLVING PROCESS OF THE IMPROVED KRIGING MODEL
In brief, the solving process of the improved Kriging model is as follows:
Step 1: Through LHS method, select the initial sample points in MEG planning. Store the corresponding device capacity values, and establish the initial sample library.
Step 2: Calculate the total annual cost I total corresponding to each sample point, and store it in the initial sample library.
Step 3: Construct Kriging model based on the data of sample library.
Step 4: Filter new sample points according to three kinds of infill-sampling criterions.
Step 5: Correct the selected points and calculate the actual total annual cost I total corresponding to new sample points. Step 6: Determine whether convergence has been achieved. Calculate the relative error of the minimum of the i-th and (i-1)-th times, to determine whether it satisfies the given convergence accuracy ε. If it does, stop the iteration, otherwise add the new sample points to the sample library, and proceed to Step 3.
Step 7: Terminate the program and output the optimal planning. Simultaneously, output MEG optimal operation strategies and the total annual cost I total .
Flow chart of solving the improved Kriging model is shown in Fig. 6 .
IV. CASE STUDIES A. SIMULATION SETTINGS 1) RELATED PARAMETERS OF USERS
In this paper, an MEG system is established to provide energy for users in a building. Under the premise of meeting users' cooling, heating and electrical demands in the building, the MEG is planned by the proposed method.
According to the location of the building and the weather, we take three types of representative typical days, with electrical load, heating load, and cooling load as examples to run the simulation. Each typical day is divided into 24 hours for operation optimization. The specific information of each typical day and the cooling, heating and electrical loads of the users within three typical days in the building are presented in Table 1 and Fig. 7 . It is worth mentioning that the daily heating load in spring, autumn and summer is defaulted to be 0, and the daily cooling load in winter is defaulted to be 0.
The energy prices involved in this paper are detailed in Table 2 . The PG adopts time-of-use electricity pricing method [30] , and the default three typical daily electricity price mechanisms are the same.
2) RELATED PARAMETERS OF DEVICES
The user's energy demands in the building are met by the MEG built in Fig. 1 . We default that the MEG system can purchase electricity from the grid but not sell electricity to the grid. The configuration parameters of each device [31] - [33] are detailed in Table 3 and Table 4 .
B. OPTIMAL RESULTS ANALYSIS
The DACE toolbox of Matlab is used to construct the Kriging model based on the initial sample library. In the TR settings, c 1 = 0.75, c 2 = 1.25, r 1 = 0.1, r 2 = 0.75 and ε = 0.001. Through simulation, the total annual cost of the MEG system under different capacity combinations can be obtained.
According to the default device parameters and each typical daily load data, we take the rated power of the CE, the DF and the rated capacity of BS as x, y, z variable, and the total annual cost of the MEG system as I variable to form the high dimensional sampling space. Fig. 8 shows the initial sample library constructed through LHS method.
The economic calculation is performed on the sample points of different capacity combinations, and the total annual cost value corresponding to each point can be obtained. Then the Kriging model is constructed based on the data of initial sample library. In order to verify the effectiveness of the improved Kriging model, the MEG planning is simulated in four scenarios: In order to better compare and verify the effectiveness of the proposed model, all simulations are based on the same initial LHS sampling points, and the calculations are started from the same initial feasible solution. The simulation iteration results are illustrated in Fig. 9 . Table 5 presents the final MEG capacity configurations and total annual cost in different scenarios. This paper takes RMB as the currency unit, and $1 USD is about 6.83 Yuan.
1) PLANNING RESULT ANALYSIS
From Fig. 9 and Table 5 , the following conclusions can be drawn by analyzing the optimal results in different scenarios:
(1) The improved Kriging model proposed in this paper satisfies the convergence condition after the 20 th update, and the whole model correction process ends. The optimal total annual cost I total of the MEG system is 40449466.23 Yuan. In this situation, the optimal planned rated power of the CE, the DF and the rated capacity of BS are 441 kW, 893 kW and 1303 kWh, respectively.
(2) Since the planning includes MEG operation optimization with energy supply networks, the user's load data and energy usage behavior have a great impact on the planning results. In the selected examples, the typical days of spring, autumn and summer involve cooling load. The user's annual cooling demand is large, which makes the capacity of the DF in the planning larger. In addition, the user has a high thermoelectric ratio, and in the case where the capacity of the DF is increased, insufficient cooling and heating load can be supplied through the heat exchanger, the EC, and the IA. The other power generation devices in the MEG have a moderate output ratio. When the electricity price is appropriate, the MEG can purchase electricity from the PG to meet user's electrical demand, so the planned rated power of the CE is reduced.
(3) When comparing the optimal results in different scenarios, we can see that Scenario 2 is easy to fall into local optimum because it only adopts the MSP infill-sampling criterion. Since Scenario 3 only adopts MSE infill-sampling criterion, its optimization effect is not so well. Scenario 4 adopts TR infill-sampling criterion, and its effect is better than Scenario 2 and 3. However, only a single infill-sampling criterion is adopted, which is easy to fall into local search and does not perform global optimization well. The model proposed in this paper can perform global search better and get better optimization results.
(4) When comparing the iterative convergence times, we can see that the proposed method can converge faster than Scenario 2 and 3, and obtain better optimal result. Although Scenario 4 converges faster than the method proposed in this paper, the global search is not well performed, and the results are not as good as the proposed method.
It can be seen from the above planning result analysis that the improved Kriging model proposed in this paper has good convergence and high efficiency while ensuring the rationality of the results. In summary, the improved Kriging model can efficiently solve the MEG planning problem.
2) OPERATION RESULT ANALYSIS
The optimal output results of the typical daily of the MEG under the optimal planning configurations are shown in Figures 10-12. For Figures 10-12 , the upper part of the abscissa axis represents the power injected into the energy bus from distributed energy sources, while the lower part represents the power flowed out from the energy bus.
From Figures 10-12 , the following conclusions can be drawn by analyzing the optimal output results in different typical days:
(1) The single-day operational cost of MEG on spring and autumn typical day is 10036.22 Yuan. Most of the cooling energy is provided by the DF, and a small part is provided by the EC and the IA. In addition to the power supply provided by the renewable energy devices (PV and WT), most of the electrical energy is purchased from the PG, and the CE and the BS assist to provide surplus electrical energy. Therefore, the energy purchase cost is high on spring and autumn typical day.
(2) The single-day operational cost of MEG on summer typical day is 5610.85 Yuan. The DF, EC and IA jointly provide cooling energy. At the maximum load, the DF and the EC operate at almost full power. Since it is operated in the power determined by heat mode, most of the electrical energy is supplied by the CE, and the electrical energy is reasonably purchased from the PG according to the electricity price.
(3) The single-day operational cost of MEG on winter typical day is 7636.49 Yuan. The MEG system operates in energy, and these two devices operate in combination to meet user's heating demand.
From the above analysis of the typical daily operation results, it can be seen that the operation of the MEG can be reasonably optimized by the proposed method, so that the capacity configuration can be economic and reasonable under the premise of meeting user's load demands, thereby obtaining the MEG optimal planning scheme.
V. CONCLUSIONS
We presented an algorithm for MEG planning based on the improved Kriging model. The algorithm considers operation optimization of MEG on different typical days, with the goal to help develop MEG and attain optimal configurations and minimal total annual cost. Under the proposed framework, it becomes feasible to make reasonable planning of MEG for areas with different climates and load conditions. In this paper, an MEG model containing energy supply networks and various types of energy supply devices is established. Combined with the LHS method, an improved Kriging model is given to find the minimal total annual cost and the optimal planning. For the sake of completeness and practicality, the sample points are updated by a novel mixed infill-sampling criterion comprised of MSP criterion, TR criterion and MSE criterion. Case studies are taken in four scenarios, where comprehensive simulations have been carried out. In particular, we have successfully achieved the following:
(1) Through the proposed planning method, MEG achieves the optimal configurations and obtains minimal total annual cost. Meanwhile, under the optimal configurations, MEG could get the best operation schemes for different typical days.
(2) Compared with the random sampling and complex objective function calculation of the traditional intelligent method, the improved Kriging model that we proposed does not rely on repeated calculations of the original complex objective function. Therefore, the number of calls and calculation time of the objective function can be significantly reduced, and the search efficiency and calculation performance of the optimal solution can be improved.
(3) Compared with the Kriging model with single infillsampling criterion, the proposed model acquires better planning results efficiently. In addition, the method of this paper can be adapted to MEG planning in different climates and load situations.
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